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Introduction
Economic theory suggests that education, or human capital, is positively related to growth 1 . One strand of the literature emphasises human capital as an additional production factor, along labour and physical capital. In a seminal paper, Mankiw, Romer and Weil (1992) augmented the Solow model with human capital and showed that the econometric fit of a cross-section growth regression is much better when this factor is considered, human capital investment (schooling) implying a future increased human capital stock (education attainment) and therefore a higher income level. Other economic growth models directly relate human capital and new technology conception or adoption. This is namely the case of a number of endogenous growth models, including Romer (1990) . In a relevant manner for catching up countries, Nelson and Phelps (1966) had already suggested in a seminal paper that those economies would decrease their distance towards the technological leader at a rate that depends on human capital levels.
In this paper we provide evidence that human capital formation was an important growth factor for the Portuguese economy from 1960 to 2001. Increasing average years of schooling had both direct and indirect, through physical investment, effects on GDP per worker. Estimated education semi-elasticities of output per worker have a comparable magnitude across primary and three different secondary levels. In most instances crowding in prevailed -more education stimulated physical investment, with reinforcing growth effects. However, we did not find evidence linking tertiary education to the Portuguese growth experience. Our results were made possible by resorting to vector autoregression (VAR) analysis, a time series technique rarely found in the education and growth empirical literature.
The fact that different schooling levels may have different effects on growth has been addressed in a small set of recent papers, providing heterogeneity evidence. Petrakis and Stamatakis (2002) provide evidence that primary and secondary education matter more for growth in less developed countries as opposed to more developed economies, where higher education becomes more important. Papageorgiou (2003) finds that primary education is more important in final goods production, whereas post-primary education is essentially related to technology adoption and innovation.
In the same vein, Vandenbussche, Aghion and Meghir (2004) present an endogenous growth model where the growth effect of skilled labour is stronger when a country gets closer to the technological frontier. In a sample of 19 developed countries between 1960 and 2000, they find that it is skilled human capital, and not total human capital, that matter for growth. Self and Grabowski (2004) , a rare country-specific time series study, investigated whether education had a causal impact on growth in India. Their analysis was done in terms of Granger causality, finding that primary education has a strong impact on growth, evidence for a similar effect in what concerns secondary education being more limited.
Empirical research on the education impact on growth has progressed basically by means of cross-sectional regressions where the growth rate is the dependent or explained variable and an education related variable is one of the explanatory variables. This literature has not provided a consensual quantified range for the influence of education on growth. What is more, some researchers presented results where the correlation between education and growth is statistically insignificant 2 .
Data on education is seldom available in annual periodicity. This is probably one of the reasons cross-country regressions have been the main empirical tool in this research field. However, they are subject to a number of limitations. Some critics of growth regressions note that correlation evidence is seldom proof of causation. Bils and Klenow (2000) provide evidence that most correlation results between education and growth could in fact derive from a reverse causation effect -more growth would cause more education, and not the contrary. Temple (1999) pointed out that "the correlation between increased human capital and growth may sometimes be hidden in the cross-country data by a number of unrepresentative observations." (page 131). In their survey on education and growth, Krueger and Lindhal (2001) emphasise that "the positive effect of the initial level of education on growth seems to be a phenomenon that is confined to low-productivity countries" (page 1130). In more general terms, we note that too much parameter heterogeneity lead to inconsistent estimates 3 . For example, school quality not being constant across countries is another important source of parameter heterogeneity 4 . Moreover, heterogeneity is likely to be reinforced if different schooling levels have unequal effects on growth.
The above-mentioned limitations of cross-country regressions call for different research methods on the nexus between education and growth. Cross-country heterogeneity implies that there is much more room for country-specific studies, wherever data restrictions do not apply. This is the case of Portugal, as annual time series for average years of schooling are available, as described in section 2.
Moreover, these data allow for disaggregation along schooling levels.
Section 3 describes in more detail how VARs are used to evaluate the impact of education on growth. This methodology allows for the problem of reverse causalitythat education may well be caused by output, and not the contrary. More generally, VAR analysis allows for dynamic effects between all variables considered.
Main results are presented in section 4. Based on estimated VARs, it is possible to perform Granger causality tests, to compute impulse response functions and to derive the implied long run elasticities and semi-elasticities. Obtained values for Portugal are compared to other available estimates. The main conclusions of our analysis are summarised in section 5.
Data
Raw data used in this paper is reproduced in the appendix. Here, we describe its definitions, sources and some main characteristics.
Gross Domestic Product, physical investment and employment GDP, investment and employment data series were taken from the AMECO database, updated in May 2004. GDP is the gross domestic product measured at 1995 prices, 3 See Pesaran and Smith (1995) for an econometric reference. 4 Barro and Lee (2001) , Barro (2001) and Hanushek and Kimko (2000) provide evidence in favor of the importance of education quality in explaining different growth performances.
investment is gross fixed capital formation at 1995 prices for the total economy and employment is civilian domestic employment. Three of them include illiterate individuals, people that learned to read and write on their own and those that attended but did not conclude primary education. The other seven concern complete levels of schooling, as specified in Table 1 . retirement rates, avoiding interpolations or estimations. Also, variations on the course length during the period were taking into account by transferring courses from one level to another, and by using different aggregation formulas.
Considering completed levels of schooling only, the average years of schooling for the Portuguese population is the series H, specified below: 
with .
( )
The variable L s,t refers to the number of persons with schooling years s in year t. L t is the total number of individuals between 15 and 64 years old. The variable PE 17,t represents the flux of higher education completion and δ t is a mortality rate. There are definition breaks in 1978 and 1983 because from 1978 onwards secondary education includes one more year of study. Consequently, higher education conclusion also implied one more year from 1983 onwards. To take this into account, HE t is a weighted stock of higher education years, considering people that got their degree before 1983 and those who did it afterwards, attaining 16 and 17 years of schooling, respectively.
In the present study we use not only the series H but also series for different levels of schooling, namely H 4 , H 6 , H 9 , H 11 and H sup , which are defined as follows: 
These series concern, respectively, to the stock of schooling years derived from basic first cycle, basic second cycle, basic third cycle, secondary and tertiary levels. We did not use the 12th year of the secondary level because it was introduced in 1977 only, nor the lower higher education level, which almost disappeared in Portugal from 1987 onwards.
Next we briefly analyse the different profiles of these series. The smooth growing profile of average years of schooling (figure 2) shows an improvement of the Portuguese educational attainment over the period, albeit still displaying low values compared to European standards. In 1960 about two thirds of the population had at most a primary school degree, with few people having completed secondary school and even fewer having a university degree 6 . H 4 and in some sense H 6 show an inverted U pattern (see figures 3 and 4) This reflects the fact that Portuguese population has achieved increasingly higher levels of education. Therefore, after a certain point in time, the stock of people with at most 4 years of schooling, for example, starts decreasing because of older people retirements. On the other hand, the H sup series (higher education, figure 7) started at a very low level and shows an increase over the entire period, particularly at the end of the sample (the 1990s).
Methodology
The VAR Approach
To measure the impact of education on Portuguese economic growth, we estimate VARs with three variables each. Our vector X t includes y, i, and h k , the logs of GDP per worker, of investment per worker and of a human capital variable, respectively.
Each educational level is analysed de per se, as including several ones in the same VAR would dramatically decrease the degrees of freedom.
Some authors have followed a comparable modelling strategy when estimating the impact of physical capital on growth. Namely, the VAR approach has been adopted by researchers interested in measuring the growth conseuquences of public capital formation 7 . Some researchers have considered a cointegrated VAR, or a VAR with an error-correction mechanism, when series are cointegrated. Our approach is close to the one developed by Pereira (2000) and Pereira and Andraz (2002) . These authors estimate different VAR systems considering different types of public capital. In results presented in section 4, we consider different categories of human capital instead.
In methodological terms, our approach is more complete than Self and Grabowski (2004) . Our disaggregation of educational variables is more detailed, and, as we consider a full system, we are not only able to test for Granger causality, but also to measure the full impact of education on growth, direct, and through feedback effects.
Namely, we allow for human capital investment to have an effect on physical investment and therefore on growth.
We test and measure the impact of education on growth in three different but complementary ways. These are Granger causality tests, the analysis of the impulse response functions and the computation of long-run semi-elasticities. We explain each of these procedures in turn, but before that, we clarify some important econometric issues related to cointegration among, and stationarity of, considered variables.
Cointegration and stationarity
Consider the following levels VAR, with X t defined as previously:
When there is cointegration, there is at least one linear combination of X t , also called a cointegrating vector, that produces a stationary variable. In this case, the VAR in equation (3) can be rewritten as:
In equation (5), Π is a rank r matrix that can be decomposed as:
where α is a 3 x r loading matrix and β is a 3 x r matrix of cointegrating vectors, r being the number of cointegrating vectors.
We tested for the number of cointegrating vectors in (3) following Johansen (1988) procedure. If there were none, analysis proceeded taking a first differences VAR.
When there was one or more, the cointegrating vectors were estimated and a cointegrated VAR like the one in (5) was considered.
Granger causality tests
In our first differences, no cointegration VAR formulation, consider the equation for GDP per worker: 
In a causality test as first proposed by Granger (1969) , we consider the null hypothesis that coefficients of lagged values of the education variable ∆h k are not statistically significant in equation (7). The test that 0 ... 
is a standard chi-square test. As the dependent variable is the GDP per worker growth rate, we are here testing if there is a direct impact of education on growth. Education may also have an indirect impact on growth as it impinges on investment.
Impulse response functions
It is standard practice in VAR analysis to identify structural shocks as orthogonal innovations to each variable. In order to do this, some restrictions have to be imposed.
We follow here the well-known Cholesky decomposition, which is akin to "ordering" the VAR variables. In our variables ordering, we assume that the education variable takes the third and last place. This implies that innovations to education do not influence GDP or investment in the same period they occur. On the other hand, innovations in GDP or investment immediately affect the education variable. These seem sensible restrictions for two reasons. Firstly, the economic advantages of education only take place after students are employed. Secondly, shocks to GDP or investment will almost surely affect labour market conditions and therefore decisions to remain in or to leave school.
Impulse response functions trace deviations of a variable from a baseline following a shock to another variable. In our case, we are especially interested in responses of economic growth to education innovations. As economic growth depends also on investment changes and lagged past growth, a full interpretation of all dynamic effects is only possible if the response of investment to education is also taken into account.
In any case, we only consider responses to education. As these functions do not depend on the ordering of GDP and investment in the VAR, there was no need for additional restrictions.
Long-run semi-elasticities
Previous studies on the impact of education on growth, including some for Portugal, have provided estimates of elasticities or semi-elasticities. In this framework, a semielasticity tells us the percentage increase in GDP per worker due to a unit increase in average years of schooling. In our study, we compute these semi-elasticities to assess whether it paid more, say, to increase the number of primary school conclusions or secondary school ones, in terms of economic growth.
Semi-elasticities are computed from the economic growth impulse response functions.
Let ε be the education elasticity of GDP per worker:
In a VAR defined in log changes, we estimate ε as the ratio of the cumulated change in y over the cumulated change in h k . Furthermore, denote by η the education semielasticity of GDP per worker. We compute η = ε/h k , considering the sample average value for the education variable.
Note that these semi-elasticities take into account the full effects of an increase in education. For example, when education increases induce more physical investment, the positive effects of a higher capital stock on output are included when computing the output response to an impulse in human capital. In this case, this dynamic feedbacks semi-elasticity is higher than a ceteris paribus one. The latter would imply that all factors but human capital that have an influence on growth would rermain constant 8 .
Empirical results
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Stationarity tests
Augmented Dickey Fuller (ADF) test results for all variables considered in this study are presented in Table 2 . When the ADF statistic is smaller than the critical value, the null non-stationarity hypothesis is rejected. In every case, the number of lags included in the regression was chosen starting from a relatively high value, nine lags, and sequentially reducing it to 0 10 . The final number of lags was chosen according to the minimum observed value for the Akaike Information Criterion (AIC) statistic 11 .
8 Pina and St. Aubyn (2004) introduce this distinction and compute both ceteris paribus and dynamic feeedbacks rates of return for public capital in Portugal. 9 Econometric results presented in this section were obtained using GiveWin and PcGive 10. See Hendry (2000, 2001 ) for a complete description of this software. 10 The chosen maximum number of lags results from the formula proposed by Shwert (1989) :
, where T is the number of observations. 4 , which displays no trend (see figure 3 ). For h 6 , both "trend" and "no trend" cases were considered. No stationarity was never rejected, except in two instances -for h sup and for h 6 when a trend was included.
The lower part of the table includes results for first-differenced series. These are annual growth rates, and so there is no reason to include a time trend. It was not possible to reject the no stationary null hypothesis in three cases only -for h, h 4 and h 11 . In conceptual terms, it is difficult to believe that changes in average years of schooling have random walk properties, so the no rejection probably results from the fact that our sample is small -it is well known that stationarity tests are not very powerful in small samples. Therefore, we opted to consider all differenced series as stationary.
Evidence from table 2 and the considerations above lead us to consider all series as I(1), non-stationary variables, with the exception of h sup , which can be described as trend-stationary.
Cointegration
If one of the considered educational variables is also I(1), then there is the possibility that these three variables are cointegrated. We have tested for cointegration between i, y and each of the non-stationary human capital variables (all but h sup ), following the Johansen (1988) 12 Doornik and Hendry (2000) , vol. II, includes a complete presentation of these tests. 13 There was no statistical evidence in favour of more than one cointegrating vector.
The VAR order and inclusion of a trend were decided following a model reduction strategy. Starting from seven lags and trend inclusion, we sequentially reduced the number of lags and did not include a trend when this was acceptable both from a residuals analysis criterion (autocorrelation, normality) and from three information criteria (Schwarz, Hanann-Quin and Akaike) 14 .
First differences VAR estimation results and Granger causality tests Table 4 summarises first differences VAR estimation and Granger causality tests results. Again, the VAR order was decided considering results of residuals normality and no autocorrelation tests and the three above mentioned information criteria. The p-value Granger test presented in the table corresponds to the previously mentioned F-statistic. Note that we are testing a direct effect of the human capital variable on GDP growth. The null hypothesis that there is no causal link is rejected at a 92.97 % (=100% -7.03%) confidence level for h (all levels considered). Evidence of a causal link is stronger when different levels are considered separately, with the exception of h sup . Confidence levels vary between 94.4% (h 9 ) and 99.92 % (h 6 ). The confidence level for a direct causal effect from tertiary education to growth equals 89.01 percent. More importantly, this effect was actually estimated as a negative one.
This combination of a somewhat counterintuitive result with limited statistic significance leads us not to consider h sup in further computations. i) The crowding in case. In the long run, an impulse to the human capital variable increases both investment and GDP. This is the case of h, h 6 and h 9 . In figures 8, 10
and 11 (GDP) and 13, 15 and 16 (investment), periods when response functions are above the baseline more than compensate for periods below it. In net terms, human capital formation induces physical capital investment, which reinforces economic growth. The accumulated effect on growth and physical investment derived from an impulse on human capital is greater than zero in those cases, as can be read from table 5. Columns (1), (2) and (3) correspond to accumulated responses to an orthogonal impulse in a human capital variable.
ii) The crowding out case. With h 4 and h 11 , there is also a positive long run effect on GDP per worker (see table 5 and figures 9 and 11). However, human capital investment crowds out physical investment (see table 5 again and figures 14 and 17).
In the long run, crowding out is never sufficiently strong to offset the GDP benefits of human capital formation.
Long-run semi-elasticities Recall that columns (1), (2) and (3) (1) and (3) and are presented in column (4) . Elasticities, however, are not a good measure for comparison, as a one-percentage point increase differs across human capital variables in absolute terms. Semi-elasticities are more directly comparable, because they measure the effect of absolute changes in human capital variables, which are measured in the same units (years). Semi-elasticities are time varying, as they are the ratio of elasticities and human capital values. It seems therefore natural to compute them using average values, as done in column (6).
From Table 5 we retain the following findings:
i) The long run elasticity (or semi-elasticity) when aggregate average years of schooling (h) are considered is substantially higher than the ceteris paribus ones usually found in previous studies on the Portuguese economy 15 . This comes as no surprise, as we are considering a dynamic feedbacks elasticity. Increasing average years of schooling in one year leads to a long-run 36.3 percent change in GDP per worker. More average years of schooling have a direct positive effect on production.
They also stimulate growth indirectly, as they lead to higher physical investment.
ii) When there is a significant education to growth direct link, estimated semielasticities are always positive, even when there is some evidence of physical 15 Estimated GDP level elasticity with respect to average years of schooling is close to 0.42 according to Teixeira and Fortuna (2004) and Pina and St. Aubyn (2004) . Pina and St. Aubyn (2002) iii) We provide evidence that both primary and secondary education had a significant positive impact on recent Portuguese economic growth. On the other hand, we could not conclude the same for tertiary education. These results are broadly in accordance to the cross-sectional ones provided by Petrakis and Stamatakis (2002) and by Papageorgiou (2003) -in the sample period, Portugal fits the picture of a developing country starting with very low educational levels, where primary and secondary education increases were most important to increased productivity in final goods and foreign technology adoption. As tertiary education only assumed some numeric importance in Portugal recently, it comes as no surprise that its probable positive effects do not show in our estimations.
Conclusions
In this paper we have investigated the impact of different schooling levels on
Portuguese economic growth. The use of time series tools like VARs, Granger causality tests and impulse response functions was made possible by annual data availability.
Portuguese GDP per worker increased more than fourfold between 1960 and 2001.
Our results provide evidence that increased schooling of the working age population was an important growth-driving factor. Independent impulses in average years of schooling led to direct and indirect increases in GDP per worker, with a corresponding dynamic feedbacks semi-elasticity close to 36 percent.
Average years of schooling increased at different schooling levels during the sample period. Decomposition into these different levels allowed us to estimate differentiated effects on growth. Taking exception of tertiary education, there is no evidence of striking growth impact differences among considered primary and secondary levels.
Namely, estimated semi-elasticities do not vary monotonously with schooling level.
We allowed for both direct and indirect impact of education on growth. The indirect impact of education occurs by means of a physical investment variable. There is no reason to expect a priori the indirect impact to be positive or negative. A crowding out scenario would imply less physical capital investment when positive independent impulses in human capital investment occur. We provide evidence that crowding in prevails -investment in education usually stimulated physical investment. This indirect effect reinforced human capital direct growth enhancing properties and is partly responsible for the high semi-elasticities estimates we provide. These authors provide a model and some empirical evidence where tertiary education, or skilled labour, have a stronger effect on growth when a country becomes closer to the technological frontier. On the other hand, less skilled human capital formation is more important when the closing of the technological gap is still beginning.
Our chosen methodology proved to be effective in detecting important patterns in a specific country economic growth process. We showed how it is possible to use a time series approach to test the link between education and growth, including the estimation of dynamic feedbacks elasticities and semi-elasticities. It would be an interesting idea for further research to adopt a similar approach to other countries in order to collect evidence that would shed some more light on the issue of differentiated human capital level effects on growth. 200 1961 1963 1965 1967 1969 1971 1973 1975 1977 1979 1981 1983 1985 1987 1989 1991 1993 1995 1997 1999 
